Online discussion forums are a valuable means for users to resolve specific information needs, both interactively for the participants and statically for users who search/browse over historical thread data. However, the complex structure of forum threads can make it difficult for users to extract relevant information. The discourse structure of web forum threads, in the form of labelled dependency relationships between posts, has the potential to greatly improve information access over web forum archives. In this paper, we present the task of parsing user forum threads to determine the labelled dependencies between posts. Three methods, including a dependency parsing approach, are proposed to jointly classify the links (relationships) between posts and the dialogue act (type) of each link. The proposed methods significantly surpass an informed baseline. We also experiment with "in situ" classification of evolving threads, and establish that our best methods are able to perform equivalently well over partial threads as complete threads.
Introduction
Web user forums (or simply "forums") are online platforms for people to discuss information and obtain information via a text-based threaded discourse, generally in a pre-determined domain (e.g. IT support or DSLR cameras). With the advent of Web 2.0, there has been an explosion of web authorship in this area, and forums are now widely used in various areas such as customer support, community development, interactive reporting and online eduction.
In addition to providing the means to interactively participate in discussions or obtain/provide answers to questions, the vast volumes of data contained in forums make them a valuable resource for "support sharing", i.e. looking over records of past user interactions to potentially find an immediately applicable solution to a current problem. On the one hand, more and more answers to questions over a wide range of domains are becoming available on forums; on the other hand, it is becoming harder and harder to extract and access relevant information due to the sheer scale and diversity of the data.
This research aims at enhancing information access and support sharing, by mining the discourse structure of troubleshooting-oriented web user forum threads. Previous research has shown that simple thread structure information (e.g. reply-to structure) can enhance tasks such as forum information retrieval (Seo et al., 2009 ) and post quality assessment (Lui and Baldwin, 2009) . We aim to move beyond simple threading, to predict not only the links between posts, but also show the manner of each link, in the form of the discourse structure of the thread. In doing so, we hope to be able to perform richer visualisation of thread structure (e.g. highlighting the key posts which appear to have led to a successful resolution to a problem), and more finegrained weighting of posts in threads for search purposes.
To illustrate the task, we use an example thread, made up of 5 posts from 4 distinct participants, from the CNET forum dataset of Kim et al. (2010b) , as shown in Figure 1 . The discourse structure of the thread is modelled as a rooted directed acyclic graph (DAG) with a dialogue act label associated with each edge of the graph. In this example, UserA initiates the thread with a question (dialogue act = QuestionQuestion) in the first post, by asking how to create an interactive input box on a webpage. In response, UserB and UserC provide independent answers (dialogue act = Answer-Answer). UserA responds to UserC to confirm the details of the solution (dialogue act = Answer-Confirmation), and at the same time, adds extra information to his/her original question (dialogue act = Question-Add); i.e., this one post has two distinct dependency links associated with it. Finally, UserD proposes a different solution again to the original question.
To predict thread discourse structure of this type, we jointly classify the links and dialogue acts between posts, experimenting with a variety of supervised classification methods, namely dependency parsing and linear-chain conditional random fields. In this, we build on the earlier work of Kim et al. (2010b) who first proposed the task of thread discourse analysis, but only carried out experiments on post linking and post dialogue act classification as separate tasks. In addition to achieving state-of-theart accuracy over the task, we carry out in-depth analysis of classification effectiveness at different thread depths, and establish that the accuracy of our method over partial threads is equivalent to that over full threads, indicating that the method is applicable to in-situ thread classification. Finally, we investigate the role of user-level features in discourse structure analysis.
Related Work
This work builds directly on earlier work of a subset of the authors (Kim et al., 2010b) , whereby a novel post-level dialogue act set was proposed, and used as the basis for annotation of a set of threads taken from CNET. In the original work, we proposed a set of novel features, which we applied to the separate tasks of post link classification and dialogue act classification. We later applied the same basic methodology to dialogue act classification over one-on-one live chat data with provided message dependencies (Kim et al., 2010a) , demonstrating the generalisability of the original method. In both cases, however, we tackled only a single task, either link classification (optionally given dialogue act tags) or dialogue act classification, but never the two together. In this paper, we take the obvious step of exploring joint classification of post link and dialogue act tags, to generate full thread discourse structures.
Discourse disentanglement (i.e. link classification) and dialogue act tagging have been studied largely as independent tasks. Discourse disentanglement is the task of dividing a conversation thread (Elsner and Charniak, 2008; Lemon et al., 2002) or document thread (Wolf and Gibson, 2005) into a set of distinct sub-discourses. The disentangled discourse is sometimes assumed to take the form of a tree structure (Grosz and Sidner, 1986; Lemon et al., 2002; Seo et al., 2009) , an acyclic graph structure (Rosé et al., 1995; Schuth et al., 2007; Elsner and Charniak, 2008; Lin et al., 2009) , or a more general cyclic chain graph structure (Wolf and Gibson, 2005) . Dialogue acts are used to describe the function or role of an utterance in a discourse, and have been applied to the analysis of mediums of communication including conversational speech (Stolcke et al., 2000; Shriberg et al., 2004; Murray et al., 2006) , email (Cohen et al., 2004; Carvalho and Cohen, 2005; Lampert et al., 2008) , instant messaging (Ivanovic, 2008; Kim et al., 2010a) , edited documents (Soricut and Marcu, 2003; Sagae, 2009 ) and online forums (Xi et al., 2004; Weinberger and Fischer, 2006; Wang et al., 2007; Fortuna et al., 2007; Kim et al., 2010b) . For a more complete review of models for discourse disentanglement and dialogue act tagging, see Kim et al. (2010b) .
Joint classification has been applied in a number of different contexts, based on the intuition that it should be possible to harness interactions between different sub-tasks to the mutual benefit of both. Warnke et al. (1997) jointly performed segmentation and dialogue act classification over a German spontaneous speech corpus. In their approach, the predictions of a multi-layer perceptron classifier on dialogue act boundaries were fed into an n-gram language model, which was used for the joint segmentation and classification of dialogue acts. Sutton and McCallum (2005) performed joint parsing and semantic role labelling (SRL), using the results of a probabilistic SRL system to improve the accuracy of a probabilistic parser. Finkel and Manning (2009) built a joint, discriminative model for parsing and named entity recognition (NER), addressing the problem of inconsistent annotations across the two tasks, and demonstrating that NER benefited considerably from the interaction with parsing. Dahlmeier et al. (2009) proposed a joint probabilistic model for word sense disambiguation (WSD) of prepositions and SRL of prepositional phrases (PPs), and achieved state-of-the-art results over both tasks.
There has been a recent growth in user-level research over forums. Lui and Baldwin (2009) explored a range of user-level features, including replies-to and co-participation graph analysis, for post quality classification. Lui and Baldwin (2010) introduced a novel user classification task where each user is classified against four attributes: clarity, proficiency, positivity and effort. User communication roles in web forums have also been studied .
Threading information has been shown to enhance retrieval effectiveness for post-level retrieval (Xi et al., 2004; Seo et al., 2009 ), thread-level retrieval (Seo et al., 2009; Elsas and Carbonell, 2009) , sentence-level shallow information extraction (Sondhi et al., 2010) , and near-duplicate thread detection (Muthmann et al., 2009 ). These results suggest that the thread structural representation used in this research, which includes both linking structure and the dialogue act associated with each link, could potentially provide even greater leverage in these retrieval tasks.
Another related research area is post-level classification, such as general post quality classification Wanas et al., 2008; Lui and Baldwin, 2009) , and post descriptiveness in particular domains (e.g. medical forums: Leaman et al. (2010) ). It has been demonstrated (Wanas et al., 2008; Lui and Baldwin, 2009 ) that thread discourse structure can significantly improve the classification accuracy for postlevel tasks.
Initiation-response pairs (e.g. question-answer, assessment-agreement, and blame-denial) from online forums have the potential to enhance thread summarisation or automatically generate knowledge bases for Community Question Answering (cQA) services such as Yahoo! Answers. While initiationresponse pair identification has been explored as a pairwise ranking problem (Wang and Rosé, 2010) , question-answer pair identification has been approached via the two separate sub-tasks of question classification and answer detection (Cong et al., 2008; Ding et al., 2008; Cao et al., 2009 ). Our thread discourse structure prediction task includes joint classification of post roles (i.e. dialogue acts) and links, and could potentially be performed at the sub-post sentence level to extract initiation-response pairs.
Task Description and Data Set
The main task performed in this research is joint classification of inter-post links (Link) and dialogue acts (DA) within forum threads. In this, we assume that a post can only link to an earlier post (or a virtual root node), and that dialogue acts are labels on edges. It is possible for there to be multiple edges from a given post, e.g. if a post both confirms the validity of an answer and adds extra information to the original question (as happens in Post4 in Figure 1 ).
We experiment with two different approaches to joint classification: (1) a linear-chain CRF over combined Link/DA post labels; and (2) a dependency parser. The joint classification task is a natural fit for dependency parsing, in that the task is intrinsically one of inferring labelled dependencies between posts, but it has a number of special properties that distinguish it from standard dependency parsing: strict reverse-chronological directionality: the head always precedes the dependent, in terms of the chronological sequencing of posts.
non-projective dependencies: threads can contain non-projective dependencies, e.g. in a 4-post thread, posts 2 and 3 may be dependent on post 1, and post 4 dependent on post 2; around 2% of the threads in our dataset contain nonprojective dependencies.
multi-headedness: it is possible for a given post to have multiple heads, including the possibility of multiple dependency links to the same post (e.g. adding extra information to a question [Question-Add] as well as retracting information from the original question [QuestionCorrection]); around 6% of the threads in our dataset contain multi-headed dependencies.
disconnected sub-graphs: it is possible for there to be disconnected sub-graphs, e.g. in instances where a user hijacks a thread to ask their own unrelated question, or submit an unrelated spam post; around 2% of the threads in our dataset contain disconnected sub-graphs.
The first constraint potentially simplifies dependency parsing, and non-projective dependencies are relatively well understood in the dependency parsing community (Tapanainen and Jarvinen, 1997; McDonald et al., 2005) . Multi-headedness and disconnected sub-graphs pose greater challenges to dependency parsing, although there has been research done on both (McDonald and Pereira, 2006; Sagae and Tsujii, 2008; Eisner and Smith, 2005) . The combination of non-projectivity, multi-headedness and disconnected sub-graphs in a single dataset, however, poses a challenge for dependency parsing. In addition to performing evaluation in batch mode over complete threads, we consider the task of "in situ thread classification", whereby we predict the discourse structure of a thread after each post. This is intended to simulate the more realistic setting of incrementally crawling/updating thread data, but needing to predict discourse structure for partial threads. We are interested in determining the relative degradation in accuracy for in situ classification vs. batch classification.
As our dataset, we use the CNET forum dataset of Kim et al. (2010b) , 1 which contains 1332 annotated posts spanning 315 threads, collected from the Operating System, Software, Hardware and Web Development sub-forums of cnet. 2 Each post is labelled with one or more links (including the possibility of null-links, where the post doesn't link to any other post), and each link is labelled with a dialogue act. The dialogue act set is made up of 5 super-categories: Question, Answer, Resolution (confirmation of the question being resolved), Reproduction (external confirmation of a proposed solution working) and Other. The Question category contains 4 sub-classes: Question, Add, Confirmation and Correction. Similarly, the Answer category contains 5 sub-classes: Answer, Add, Confirmation, Correction and Objection. For example, the label Question-Add signifies the Question superclass and Add subclass, i.e. addition of extra information to a question. For full details of the dialogue act tagset, see Kim et al. (2010b) .
Dependency links are represented by their relative position in the chronologically-sorted list of posts, e.g. 1 indicates a link back to the preceding post, and 2 indicates a link back two posts.
Unless otherwise noted, evaluation is over the combined link and dialogue act tag, including the combination of superclass and subclass for the Question and Answer dialogue acts. For example, 1+Answer-Answer indicates a dependency link back one post, which is an answer to a question. The most common label in the dataset is 1+Answer-answer (28.4%).
Learners and Features

Learners
To predict thread discourse structure, we use a structured classification approach -based on the findings of Kim et al. (2010b) and Kim et al. (2010a) -and a dependency parser. The structured classification approach we experiment with is a linear-chain conditional random field learner (CRF: Lafferty et al. (2001)), within which we explore two simple approaches to joint classification, as is explained in Section 5.1. Dependency parsing (Kübler et al., 2009 ) is the task of automatically predicting the dependency structure of a token sequence, in the form of binary asymmetric dependency relations with dependency types.
Standardly, CRFs have been applied to tasks such as part-of-speech tagging, named entity recognition, semantic role labelling and supertagging, where the individual tokens are single words. Similarly, dependency parsing is conventionally applied to sentences, with single-word tokens. In our case, our tokens are thread posts, with much greater scope for feature engineering than single words, and technical challenges in scaling the underlying implementations to handle potentially much larger feature sets.
As our learners, we deployed CRFSGD (Bottou, 2011) to learn the CRF, and MaltParser as our dependency parser. CRFSGD uses stochastic gradient descent to efficiently solve the convex optimisation problem, and scales well to large feature sets. We used the default parameter settings for CRFSGD, with feature templates including all unigram features of the current token as well as bigram features combining the previous output token with the current token.
MaltParser implements transition-based parsing, where no formal grammar is considered, and a transition system, or state machine, is learned to map a sentence onto its dependency graph. One feature of MaltParser that makes it well suited to our task is that it is possible to define feature models of arbitrary complexity for each token. In presenting the thread data to MaltParser, we represent the nulllink from the initial post of each thread, as well as any disconnected posts, as the root.
To the best of our knowledge, there is no past work on using dependency parsing to learn thread discourse structure. Based on extensive experimentation, we determined that the MaltParser configuration that obtains the best results for our task is the Nivre algorithm in arc-standard mode (Nivre, 2003; Nivre, 2004) , using LIBSVM (Chang and Lin, 2011) with a linear kernel as the learner, and a feature model with exhaustive combinations of features relating to the features and predictions of the first/top three tokens from both "Input" and "Stack". 3 As such, MaltParser is actually unable to predict any non-projective structures, as experiments with algorithms supporting non-projective structures invariably led to lower results. In our choice of parsing algorithm, we are also unable to detect posts with multiple heads, but can potentially detect disconnected sub-graphs.
Features
The features used in our classifiers are as follows:
Initiator a binary feature indicating whether the current post's author is the thread initiator.
Position the relative position of the current post, as a ratio over the total number of posts in the thread.
Semantic Features:
TitSim the relative location of the post which has the most similar title (based on unweighted cosine similarity) to the current post.
PostSim the relative location of the post which has the most similar content (based on unweighted cosine similarity) to the current post.
Punct the number of question marks (QuCount), exclamation marks (ExCount) and URLs (UrlCount) in the current post.
UserProf the class distribution (in the training thread) of the author of the current post.
These features are drawn largely from the work of Kim et al. (2010b) , with two major differences: (1) we do not use post context features because our learners (i.e. CRFSGD and MaltParser) inherently capture Markov chains; and (2) our UserProf features are customised to the class set associated with the task at hand, e.g. the UserProf features for the standalone linking task take the form of the link labels (and not dialogue act labels) of the posts by the relevant author in the training data. Table 1 We also experimented with other features, including raw bag-of-words lexical features, dimensionality-reduced lexical features (using principal components analysis), and different post similarity measures such as longest common subsequence (LCS) match. While we were able to obtain gains in isolation, when combined with the other features, these features had no impact, and are thus not included in the results presented in this paper.
Classification Methodology
All our experiments were carried out based on stratified 10-fold cross-validation, stratifying at the thread level to ensure that all posts from a given thread occur in a single fold. The results are primarily evaluated using post-level micro-averaged F-score (F µ : β = 1), and additionally with thread-level Fscore/classification accuracy (i.e. the proportion of threads where all posts have been correctly classified 4 ), where space allows. Statistical significance is tested using randomised estimation (Yeh, 2000) with p < 0.05. Initial experiments showed it is hard for learners to discover which posts have multiple links, largely due to the sparsity of multi-headed posts (which account for less than 5% of the total posts). Therefore, only the the most recent link for 3 http://maltparser.org/userguide.html# parsingalg 4 Classification accuracy = F-score at the thread-level, as each thread is assigned a single label of correct or incorrect. each multi-headed post was included in training, but evaluation still considers all links.
Joint classification
In our experiments, we test two basic approaches to joint classification for the CRF: (1) classifying the Link and DA separately, and composing the predictions to form the joint classification (Composition); and (2) combining the Link and DA labels into a single class, and applying the learner over the posts with the combined class (Combine). Note that Composition has the potential for mismatches in the number of Link and DA predictions it generates, causing complications in the class composition. Even if the same number of labels is predicted for both Link and DA, if multiple tags are predicted in both cases, we are left with the problem of determining which link label to combine with which dialogue act label. As such, we have our reservations about Composition, but as the CRF performs strict 1-ofn labelling, these are not issues in the experiments reported herein.
MaltParser natively handles the combination of Link and DA in its dependency parsing formulation.
In Situ Thread Classification
One of the biggest challenges in classifying the discourse structure of a forum thread is that threads evolve over time, as new posts are posted. In order to capture this phenomenon, and compare the accuracy of different models when applied to partial thread data (artificially cutting off a thread at post N ) vs. complete threads. 5 This is done in the following way: classification over the first two posts only ([1, 2]), the first four posts ([1, 4] ), the first six posts ([1, 6] ), the first eight posts ([1, 8]) , and all posts ([all] ). In each case, we limit the test data only, meaning that the only variable in play is the extent of thread context used to learn the thread discourse structure for the given set of posts. We break down the results in each case into the indicated subthreads, e.g. we take the predictions for [all] , and break them down into the results for [1, 2] As our baseline for the task, we first use a simple majority class classifier in the form of the single joint class of 1+Answer-Answer for all posts, which has a post-level F-score of 0.284. A stronger baseline is to classify all first posts as 0+Question-Question and all subsequent posts as 1+Answer-answer, which achieves a post-level F-score of 0.515 (labelled as Heuristic).
As described in Section 5.1, one approach to joint classification with CRFSGD is to firstly conduct component-wise classification over Link and DA separately, and compose the predictions. The results for the separate Link and DA classification tasks are presented in Table 2 , along with the best results for Link and DA classification from Kim et al. (2010b) . At the component-wise tasks, our method is superior to Kim et al. (2010b) , based on a different learner and slightly different feature set.
Next, we compose the component-wise classifications for the CRF into joint classifications (Composition). We contrast this with the combined class approach for CRFSGD and MaltParser (jointly presented as Joint in Table 3 ). With the combined class results, we additionally ablate each of the feature types from Section 4.2, and also present results for a dummy model, where no features are provided and the prediction is based simply on sequential priors (Dummy). The results are presented in Table 3 , along with the Heuristic baseline result.
Several interesting things can be observed from the post-level F-score results in Table 3 . First, with no features (Dummy), while CRFSGD performs slightly worse than the Heuristic baseline, MaltParser significantly surpasses the baseline. This is due to the richer sequential context model of MaltParser. Second, the single feature with the greatest impact on results is UserProf, i.e. user profile fea- tures extracted from the training data; CRFSGD in particular benefits from this feature. We return to explore this effect in Section 6.4. Third, although the Initiator feature does not have much effect on CRF-SGD, it affects the performance of MaltParser significantly. Further experiments shown that the combination of Initiator and UserProf is sufficient to achieve a competitive result (i.e. 0.731). It therefore seems that MaltParser is more robust than CRF-SGD, whose performance relies crucially on userlevel features which must be learned from the training data (i.e. UserProf).
Looking to the thread-level F-scores, we observe some interesting divergences from the post-level Fscore results. First, with no features (Dummy), CRFSGD significantly outperforms both the baseline and MaltParser. This appears to be because CRFSGD performs particularly well over short threads (e.g. of length 3 and 4), but worse over longer threads. Second, the best thread-level Fscores from CRFSGD (i.e. 0.587) and MaltParser (i.e. 0.578) are not significantly different, despite the discrepancy in post-level F-score (where CRFSGD is markedly superior in this case). With the extra features, the performance of MaltParser on short threads appears to pick up noticeably, and the difference in post-level predictions is over longer threads.
If we evaluate the two models over DA superclasses only (ignoring mismatches at the subclass level for Question and Answer), the post-level Fscores for joint classification with ALL features for CRFSGD and MaltParser are 0.803 and 0.787, respectively. Looking at the performance of CRFSGD (in Combine mode) and MaltParser on disconnected sub-graphs, while both models did predict a small number of non-initial posts with null-links (including MaltParser predicting 5 out of 6 posts in a single thread as having null-links), none were correct, and neither model was able to correctly predict any of the 6 actual non-initial instances of null-links in the dataset.
Finally, we took the joint classification results from CRFSGD and MaltParser using ALL features, and decomposed the predictions into Link and DA. The results are presented in Table 4 , along with the results for component-wise classification from Table 2 . Somewhat surprisingly, the decomposed predictions are mostly slightly worse than the results for the component-wise classification, despite achieving higher F-score for the joint classification task. This is simply due to the combined method tending to get both labels correct or both labels wrong, for a given post.
Post Position-based Result Breakdown
One question in thread discourse structure classification is how accurate the predictions are at different depths in a thread (e.g. the first two posts vs. the second two posts). A breakdown of results across posts at different positions is presented in Figure 2 .
The overall trend for both CRFSGD and MaltParser is that it becomes increasingly hard to classify posts as we continue through a thread, due to greater variability in discourse structure and greater sparsity in the data. However, it is interesting to note that the results for CRFSGD actually improve from posts 7 and 8 ( [7, 8] ) to posts 9 and onwards ([9, ] ). To further investigate this effect, we performed class decomposition over the joint classification predictions, and performed a similar breakdown of posts It is clear that the anomaly for CRFSGD comes from the DA component, due to there being greater predictability in the dialogue for final posts in a thread (users tend to confirm a successful resolution of the problem, or report on successful external reproduction of the solution). MaltParser seems less adept at identifying that a post is at the end of a thread, and predicting the dialogue act accordingly. This observation is congruous with the findings of McDonald and Nivre (2007) that errors propagate, due to MaltParser's greedy inference strategy. The higher results for Link are to be expected, as throughout the thread, most posts tend to link locally.
X X X X X X X X X Table 5 : Post-level Link-DA F-score for CRFSGD/MaltParser, based on in situ classification over sub-threads of different lengths (indicated in the rows), broken down over different post extents (indicated in the columns)
In Situ Structure Prediction
As described in Section 5.2, we simulate in situ thread discourse structure prediction by removing differing numbers of posts from the tail of the thread, and applying the trained model over the resultant sub-threads. The results for in situ classification are presented in 
]).
From the results, we can see that both CRFSGD and MaltParser are very robust when applied to partial threads, to the extent that we actually achieve higher results over shortened versions of the thread than over the complete thread in some instances, although the only difference that is statistically significant is over [1, 8] for CRFSGD, where the prediction over the partial thread is actually superior to that over the complete thread. From this, we can conclude that it is possible to apply our method to partial threads without any reduction in effectiveness relative to classification over complete threads. As such, our method is shown to be robust when applied to real-time analysis of dynamically evolving threads.
User profile feature analysis
In our experiments, we noticed that the user profile feature (UserProf) is the most effective feature for both CRFSGD and MaltParser. To gain a deeper insight into the behaviour of the feature, we binned the posts according to the number of times the author had posted in the training data, evaluated based on a 
where n i is the number of posts by user i, and s p i,j is the number of posts by user i that occur as training instances for other posts by the same author. uscore reflects the average training-test post ratio per user in cross-validation. Note that as we include all posts from a given thread in a single partition during crossvalidation, it is possible for an author to have posted 4 times, but have a uscore of 0 due to those posts all occurring in the same thread. We ranked the users in the dataset in descending order of uscore, sub-ranking on n i in cases of a tie in uscore. The users were binned into 4 groups of roughly equal post size. The detailed statistics are shown in Table 6 , noting that the high-frequency bin ("High") contains posts from a single user. We present the post-level micro-averaged F-score for posts in each bin based on CRFSGD, with and without user profile features, in Figure 4 .
Contrary to expectation, the UserProf features have the greatest impact for users with fewer posts. In fact, a statistically significant difference was observed only for users with no posts in the training data (uscore = 0), where the F-score jumped over 10% in absolute terms for both the Low and Very Low bins. Our explanation for this effect is that the lack of user profile information is predictive of the sort of posts we can expect from a user (i.e. they tend to be newbie users, asking questions).
Conclusions and Future Work
In this research, we explored the joint classification of web user forum thread discourse structure, in the form of a rooted directed acyclic graph over posts, with edges labelled with dialogue acts. Three classification approaches were proposed: separately predicting Link and DA labels, and composing them into a joint class; predicting a combined Link-DA class using a structured classifier; and applying dependency parsing to the problem. We found the combined approach based on CRFSGD to perform best over the task, closely followed by dependency parsing with MaltParser.
We also examined the task of in situ classification of dialogue structure, in the form of predicting the discourse structure of partial threads, as contrasted with classifying only complete threads. We found that there was no drop in F-score over different subextents of the thread in classifying partial threads, despite the relative lack of thread context.
In future work, we plan to delve further into dependency parsing, looking specifically at the implications of multi-headedness and disconnected subgraphs on dependency parsing. We also intend to carry out meta-classification, combining the predictions of CRFSGD and MaltParser.
Our user profile features were found to be the pick of our features, but counter-intuitively, to benefit users with no posts in the training data, rather than prolific users. We wish to explore this effect further, including incorporating unsupervised user-level features into our classifiers.
